Abstract-The population of subsaharan Africa, and particularly of the countries of the Sahel and western Africa, is one of the most vulnerable to climate change and climate-related extreme events. To provide updated information for targeted climate change adaptation measures, we modeled hotspots of climate change and related extreme events in an integrative manner. This was achieved by constructing a spatial composite indicator of cumulative climate change impact, which integrates four climateand hazard-related subindicators: seasonal temperature trends, seasonal precipitation trends, drought occurrences, and major flood events. The analysis is based on time-series of freely available continuous, gridded geo-spatial datasets, including remote sensing data. The aggregation of the four subindicators was performed by making use of a regionalization approach, based on segmentation techniques widely used in the remote sensing community in the field of object-based image analysis. Following the approach presented in this paper, 19 hotspots with most severe climatic changes were identified, evaluated, and mapped. The method enables not only the prioritization of intervention areas, but also allows decomposing the identified hotspots into their underlying subindicators, and thus additional information for effective climate change adaptation measures can be provided.
and tsunamis. This situation is aggravated by prevailing vulnerabilities, which are particularly high in developing countries. Consequently, the Hyogo Framework for Action (HFA) 2005-2015, which was adopted by 168 countries during the World Disaster Reduction Conference in 2005, has defined the identification, assessment, and monitoring of (climate-related) risks and its underlying factors (prevailing hazards, exposure, and vulnerabilities) as one of five key priority areas for reducing disaster risk and promoting disaster resilient societies [3] .
Among climate scientists there is no doubt that "Africa is one of the most vulnerable continents to climate change and climate variability, a situation aggravated by low adaptive capacity" [4] . Particularly, the countries of the Sahel and western Africa, recently labeled as "ground zero of climate change" [5] , rank among the regions currently most affected by changes in climate. Rapid population growth, increasing urbanization and rural exodus, pervasive poverty, complex governance, chronic instability, widespread lack of investment in education and public health, high sensitivity of key economic sectors to climate, fragile soils, high dependency of livelihoods on natural resources, and the (resulting) lack of resilience make the region and its population particularly vulnerable to the projected increases in the frequency, severity, extent, duration, and timing of extreme events [4] .
B. Aim of This Research
Against this background, this paper presents an integrated modeling approach for the spatially explicit delineation and evaluation of climate change impact in the Sahel and western Africa. In order to identify hotspots where climatic changes (temperature and precipitation trends) and related drought and flood events have been most severe, a spatial composite indicator was developed. This composite indicator builds on continuous spatially disaggregated datasets, partly derived from time series of remote sensing data. In line with the recently published IPCC SREX (Special Report on Managing the Risks of Extreme Events and Disasters to Advance Climate Change Adaptation) disaster risk framework (see Fig. 2 ), the modeling of cumulative climate change impact and the identification of climate hotspots can be seen as a first step towards a comprehensive assessment of prevailing climate-related risks in the region.
II. METHODOLOGY

A. Study Area
The nine countries that form the Permanent Inter-State Committee for Drought Control in the Sahel (CILSS) constitute 1939-1404 © 2013 IEEE the core geographical focus of this study. Given the transboundary nature of climate change, however, eight neighboring members of the Economic Commission of West African States (ECOWAS) were also included in the analysis (see Fig. 1 ).
B. Conceptual Framework
Building on current concepts and recent advances within and between the climate change and disaster risk reduction communities, this research makes use of the disaster risk framework (see Fig. 2 ) which has been published by the IPCC in its SREX report [6] .
According to the framework, disaster risk is a function of the: 1) "hazards" (i.e., weather and climate events) and 2) physical, social, economic, institutional, environmental, or cultural vulnerabilities of 3) exposed elements. Following this logic, our study presents an approach for the integrated assessment and evaluation of the "weather and climate events" component of the framework.
C. Indicators and Datasets
With the aim of providing conditioned (i.e., policy-oriented) information [7] on the "weather and climate events" component of the IPCC SREX framework [highlighted in blue in Fig. 2] , four climate and hazard-related indicators were selected in collaboration with domain experts of the United Nations Environment Programme (UNEP): long-term average seasonal temperature and precipitation trends, as well as the frequency of related extreme events, namely drought occurrences and major flood events over the past decades. Table I provides an overview of the indicators and geospatial datasets utilized for this research.
The Climatic Research Unit (CRU) TS (time-series) datasets comprise 1224 monthly grids of observed climate for the period 1901-2006. They are based on monthly mean temperature (in C) and precipitation (in millimeters) measures provided by more than 4000 weather stations distributed around the world [8] . The NOAA NESDIS-STAR vegetation health index (VHI) dataset, which is derived from measurements of the Advanced Very High Resolution Radiometer (AVHRR) onboard the NOAA satellite, was used as a proxy for drought. This index, which was originally developed by Kogan [9] , has been successfully applied in various regions around the globe, including Africa [10] , [11] , for monitoring drought conditions. The datasets showing major flood events in the region were acquired from the Dartmouth Flood Observatory (DFO) at the University of Colorado, which provides an active archive of large flood events derived from news, governmental, instrumental, and various remote sensing sources (e.g., MODIS and Landsat) [12] . Partly stemming from remote sensing data.
D. Data Preprocessing
As a first step after data acquisition and download, subsets which cover the target region were created. Where necessary, datasets were georeferenced and converted into appropriate GIS-ready formats. In line with the IPCC definition of climate as "the statistical description in terms of the mean and variability of relevant quantities over a period of time" [13] , which is commonly defined as a period of 30 years, the observation period was set to the past 24 to 36 years (depending on data availability; see Table I ). Moreover, as the majority of livelihoods in the Sahel and western Africa are highly dependent on agriculture and the availability of natural resources, which in turn (among other factors such as soil fertility) is strongly related to rainfall and temperature patterns, the rainy season was chosen as the critical season to be observed. According to these findings the seasonal focus for the observation of indicator 1 (temperature), 2 (precipitation), and indicator 3 (drought) was set to the months May to October. Following this step, the mean temperature as well as the actual amount of precipitation per season was calculated for each grid cell for the years 1970 to 2006. Based on these values, a seasonal mean temperature and precipitation trend was derived for each cell by making use of linear regression. Next, the number of drought-affected seasons was determined for the period from 1985 to 2009 by drawing on a critical vegetation health index (VHI) threshold (VHI values 35 indicate severe drought conditions), which was identified from literature [10] . Finally, a net of regular cells was created in ArcGIS in order to calculate the number of major flood events per grid cell for the years 1985 to 2009.
E. Constructing a Spatial Composite Indicator
In order to visualize and map not only singular trends in the individual climate indicators but also cumulative climate change impacts, a spatial composite indicator which integrates all four indicators was developed.
Such spatial composite indicators are constructed by integrating (and, if required, weighting) a previously defined number of sub-indicators in a multidimensional "indicator space." The aggregation of the singular subindicators is achieved by making use of regionalization techniques. For this purpose, a multiresolution segmentation algorithm was selected are aggregated by making use of regionalization techniques. Following this approach, the resulting units (or geons) are homogeneous in terms of the phenomenon under investigation (based on [15] and [18] ). [14] , which is widely used in the remote sensing community in the field of object-based image analysis (OBIA). This segmentation algorithm starts with single pixel objects and merges them pairwise to larger objects. Based on homogeneity criteria in combination with local and global optimization techniques, this algorithm creates contiguous regions in indicator and real space simultaneously [15] . The resulting objects, conceptual units with fiat boundaries [17] , are homogeneous in terms of the phenomenon under investigation.
This approach, referred to as the geon concept, was developed by Lang et al. [18] , in order to approach complex real-world spatial phenomena, such as vulnerability [15] , which are of central concern in policy implementation, but-due to their multidimensionality-difficult to measure or operationalize. Thus, the approached concept is an automated aggregation method for modeling units where similar (homogeneous) conditions apply with respect to a set of previously defined subindicators [ Fig. 3 ]. The approach generates units or objects (i.e., geons) which are independent of any given set of a priori defined boundaries, as for example administrative boundaries, which are commonly used as reference units in the construction of composite indicators.
For the spatial modeling of the cumulative climate change impact, a workflow was applied and adapted which was developed by Kienberger et al. [15] . Before aggregating the four climate-related subindicators (Table I) into a spatial composite indicator of cumulative climate change impact, the datasets were resampled to the same cell size (0.5 0.5 degrees). Linear min-max normalization was performed in order to render the datasets comparable and to avoid biases in the regionalization (here: segmentation) process. This was done based on the following equation: (1) where and values derive from the original value range and and define the new value range of the normalized dataset. Following this method, all datasets were normalized using an 8-bit value range from zero to 255. The normalized datasets were converted into *.tif-files and loaded as image layers into Trimble's eCognition software environment where the aggregation of the subindicators was carried out. The multiresolution segmentation algorithm was chosen since it produces highly homogeneous image objects in arbitrary resolution based on different types of data. It allows an even growth of image objects over a scene as well as for balancing between regions of high and low spectral variance. [14] . In our modeling approach, the input layers (represented by the subindicators) are treated as single sensor bands, i.e., indicator values are equivalent to spectral information in optical satellite data. This enables the analyst to use this segmentation approach for different types of (continuous) data. In addition experts can assign a weight to each input layer (if required) and thus influence: 1) the size and shape of the final homogeneous objects through the use of a shape criterion (compactness versus smoothness) and 2) the final index value itself.
As the intention was to analyze the cumulative impact of the four climate-/hazard-related indicators, and in the absence of any justifiable weights, all four datasets were given equal weights. The shape factor was set to a low value of 0.1 which maximizes the influence of the (normalized) pixel values of the integrated datasets on the regionalization process, while still avoiding the delineation of extremely elongated objects.
As a next step, for each unit an index of cumulative climate change impact (CCCI) was calculated in eCognition by making use of arithmetic features. The index was developed for each delineated object by calculating the cumulative values of the subindicators as the magnitude of the resulting vector in a four-dimensional space:
The vector product was chosen to compute the final index value as it depicts the distance and position of each unit within the feature space. In such a way, it reflects the notion of the segmentation more suitably than a (weighted)-sum approach [15] . In addition, the relative share of each of the four integrated indicators per object/unit was calculated through dividing each indicator by the sum of all indicators multiplied by 100. This step allows the evaluation of the composition of the hotspots by decomposing them into the underlying subindicators.
The final results were exported as polygon vector layer for subsequent processing and visualization in a GIS environment. In order to ease the interpretation of the results, the final CCCI values were normalized within a new range from zero to one , where zero reflects a very low and one a very high CCCI. Ultimately units with a significant CCCI value (threshold: 0.65) were identified as climate hotspot with a high cumulative effect of CC impact. The threshold has been chosen in consultation with domain experts at UNEP considering policy relevance and feasibility (see Fig. 4 ).
III. RESULTS AND DISCUSSION
A. CCCI
By using an established segmentation algorithm from OBIA, homogenous units (geons) of CCCI were delineated within the feature space, whose dimensions are built by the four normalized subindicators, as well as in real space (spatially constrained). As mentioned above, in the absence of any justifiable weights, the weighting of the subindicators was equal. As a result of the regionalization approach, a geon set comprising 1233 conceptual fiat objects, characterized by a uniform cumulative behavior in terms of CCCI in the region were derived (see Fig. 4) .
B. Climate Hotspots in the Sahel and Western Africa
Based on the CCCI geon-scape, Fig. 4 also shows the location and approximated size of the identified climate hotspots in the region (displayed in red). These hotspots represent areas most affected by changes in climate conditions (e.g., precipitation, temperature) and related extreme events (drought and flooding) over the past decades. In addition to the location and size of the hotspots, the specific composition of the hotpots was visualized by means of a pie chart for each of them. By decomposing each hotspot into its underlying subindicators, the pie charts reflect the relative share of each of the four climate-related indicators per hotspot.
Based on the approach presented here, we were able to identify 19 hotspots in three main parts of the study area: 1) the northern and northwestern part of the study area, including Mauritania and Algeria; 2) the center of the study area, including Niger, Burkina Faso, and the northern parts of Ghana, Togo, Benin, and Nigeria; and 3) Chad and Libya. Thereby, the selection of the CCCI threshold is a crucial but subjective step for considering an area as a hotspot. In the case of this research, the critical CCCI threshold of 0.65 was defined based on the regional expertise of the experts.
C. Visualization
Next to presenting the results in a static map, the final results were visualized using state-of-the art online visualization techniques. For a broader and more interactive distribution of the results to the public, online visualization tools offer capabilities to publish geographic information to a worldwide audience (freely available and offering in addition high spatial resolution contextual data) [19] . Therefore, the results were additionally visualized in ArcGIS Explorer Online (see Fig. 5 ). Compared with traditional static maps or a visualization of results in Google Earth, this enables users not only to query the data, but also to retrieve valuable information on the composition of each unit (geon) by means of half donuts. Similar to the static map, these half donuts provide useful additional information on the CCCI of each unit, but also on the proportional share of the each of the underlying subindicators per geon or hotspot (Fig. 5) .
IV. CONCLUSION
The approach presented in this paper provides valuable information to policy makers, experts, and/or stakeholders, as not only the estimated size and location, but also the composition of the hotspots was analyzed and mapped. Thus, our approach supports the prioritization of intervention areas. At the same time the decomposition of hotspots into their underlying factors/sub-indicators (Fig. 5 ) reveals which issues (e.g., flooding or drought) should be addressed in particular within the context of follow-up studies and targeted climate change adaptation measures, programs and policies. In order to provide a fully comprehensive picture of the overall multihazard risk in the study area, the prevailing vulnerabilities of exposed population groups need to be assessed as well.
